Abstract-Short-term forecasting and diagnostic tools for severe changes of wind power production (power ramps) may provide reliable information for a secure power system operation at a small cost. Understanding the underlying role of the synoptic weather regimes (WRs) in triggering the wind power ramp events can be an added value to improve and complement the current forecast techniques. This work identifies and classifies the WRs over mainland Portugal associated with the occurrence of severe wind power ramps. The most representative WRs are identified on compressed surface level atmospheric data using principal component analysis by applying K-means clustering. The results show a strong association between some synoptic circulation patterns and step variations of the wind power production indicating the possibility to identify certain WRs that are prone to trigger severe wind power ramps, thus opening the possibility for future development of diagnostic warning systems for system operators' use.
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I. INTRODUCTION
T HE WIND power capacity installed in Portugal had a high rate of increase in recent years, becoming the second largest renewable energy source. By the end of 2013, Portugal had 4.4 GW of installed wind power out of 17.8 GW of the operating capacity in the Portuguese power system. During 2013, the wind generation reached 11.8 TWh contributing with 24% of the total electrical supply [1] , which constitutes the second highest wind energy penetration in the world, only surpassed by Denmark. The rapid growth of variable wind generation poses a serious challenge to the transmission system operators (TSOs) since, at any time 1) balance between power supply and consumption must exist to ensure stability of the power system and 2) the supply/demand balance must be achieved at a minimal economic cost. A. Couto, P. Costa, L. Rodrigues, and A. Estanqueiro are with the Energy Analysis and Networks Unit, Laboratório Nacional de Energia e Geologia, 1649-038 Lisboa, Portugal (e-mail: antonio.couto@lneg.pt; paulo.costa@lneg.pt; luis.rodrigues@lneg.pt; ana.estanqueiro@lneg.pt).
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Wind power production forecasts play an important role and are nowadays extensively used by almost all TSOs [2] , [3] . TSOs with high amounts of wind generation-by far the most relevant of the renewable variable sources-normally receive wind generation forecasts, which are usually calculated for the next 24 h (day ahead) and refreshed every 6 h. Due to unit commitment constraints and the technical limitation on power ramping of some power units [4] , the wind forecasts are particularly relevant for the TSO in the 1-6 h time horizon [5] , [6] . This information is particularly relevant for the system operator when strong variations on the wind generation are expected, since the power fleet may lack the flexibility required to balance those wind power ramps [7] or that balancing may be obtained at very high costs in the reserves market.
This work aims to 1) understand which atmospheric conditions over Portugal are more associated with wind power ramp events within a 1-6 h time horizon and 2) present the development of a diagnostic tool for detecting future wind power ramp events using synoptic data obtained from a numerical weather prediction (NWP) model coupled with multivariate statistics. This methodology of ramp diagnostic may be used at a later phase as part of a forecast tool to support the TSO operational decisions, namely aiding to keep the reserves committed due to wind fluctuations at minimum values and thus reducing the overall wind integration costs.
Section II describes the different forecast approaches and the added value of wind power ramp detection for the TSO. In Section III, a brief background on relevant atmospheric circulation in the Euro-Atlantic region is presented. Section IV describes the input data and the methodology developed. Section V presents and discusses the link between large-scale circulation and wind power ramp events in Portugal. Finally, in Section VI, some conclusions are provided.
II. USE OF WIND POWER RAMPS DETECTION ON THE
POWER SYSTEM OPERATION A comprehensive review of short-time wind power forecasting literature is beyond the scope of this paper and may be found in several review papers, e.g., [8] , [9] . The common approach for wind power forecasting is based on the use of single point time series, i.e., forecasting the value of the wind power (and its confidence interval) for a given future time horizon using either probabilistic models [10] , [11] , NWP models, or by combining both [9] . Single point time series forecasts present high errors and according to [12] , an improved solution to forecast wind generation can be obtained by providing spatial NWP forecast information to the TSO. This is justified by 1) the capacity to assess the spatial changes in the meteorological fields associated with these events near the wind parks [12] and 2) the NWP models' ability to forecast how near-surface winds are influenced by synoptic or largescale transient phenomena, e.g., high pressure displacements or frontogenesis systems [13] . Some operational forecasting systems have demonstrated normalized mean absolute errors below 10%, but phase errors are still a commonly reported problem [9] , [14] . Many statistical forecasts have slowly responsive structures that sometimes fail to capture the atmospheric dynamics that unleash abrupt change in the power production. Indeed, for wind ramp events, the use of methodologies capable to consider the spatial and temporal evolution of the synoptic circulation may be an important step for providing complementary information to the current forecast techniques and acting as a diagnostic tool to warn the TSO of the possibility of future occurrence of severe wind power ramp events triggering the commitment of added reserves.
Only a few authors have highlighted the meteorological situation associated to severe wind power ramps. Using a manual identification of the synoptic variability, some authors found that the main physical triggers of wind power ramps are attributed to cold fronts, low-pressure systems, and troughs [12] , [15] . Recently, some wind speed variability studies [16] , [17] proposed a more systematic way by using automatic identification approaches based on principal component analysis (PCA) combined with clustering analysis (CA). These methods have been successfully applied in the Euro-Atlantic region on precipitation [18] , summer fires [19] , and strong wind events [16] , where the correlation with the large-scale atmospheric circulation is high.
The importance of the detection of severe wind ramps for a TSO lies on the necessity to control conventional power plants to balance those ramps in order to ensure the stable operation of the power system. Thus, one of the main potential benefits of the diagnostic tool proposed is the possibility to provide useful information for a TSO at very low added cost, by integrating such a tool within the existing forecasting systems.
III. DESCRIPTION OF ATMOSPHERIC CIRCULATION OVER CONTINENTAL PORTUGAL
At this point, it is important to describe the main characteristics of atmospheric circulation in the area under study, the Euro-Atlantic region. The atmospheric circulation is strongly influenced by seasonal migration of the midlatitudes weather circulation systems. During winter, it moves downward to low latitudes, allowing the passage of warm and cold fronts and other baroclinic synoptic perturbations moving eastward from the Atlantic Ocean [20] . In summer, the atmospheric circulation is mainly dominated by a subtropical high pressure system centered in Azores. This synoptic scale circulation is relatively weak and diffused over Portugal and therefore smaller scale and regional locally forced atmospheric features (e.g., the thermally forced diurnal cycle of the Iberian low pressure system [21] ) are responsible for much of the wind power variability.
Previous studies show that local effects can trigger wind power ramps [13] . However, the aggregation of wind parks production generation dispersed over a wide geographical area reduces some of the wind power fluctuations variability induced by these local phenomena. This effect is referred in the literature as "statistical power smoothing" [6] although for some atmospheric synoptic-scale events such as cold fronts, it is not observed [13] , [15] .
IV. DATA AND METHODOLOGY Although wind power ramps are easy to recognize visually by the observation of power production time series, there is no clear standard definition rules or methodologies in the literature [8] and the definition (and severity) of a ramp may be different for each power system. In this work, 40 wind power ramps were detected through visual inspection based on three parameters: growth rate, ramp length, and signal. It was assumed that a severe power ramp occurs in the Portuguese power system when the wind power generation amplitude varies (positively or negatively) 50% with respect to any instantaneous value P (t) within a time range of 1-6 h. The limits of wind power ramps used within this study are ramp-up: 182 < ΔP/Δt < 508MW/h and rampdown: −774.2 < ΔP/Δt < − 138.0 MW/h.
A. Data
For the purpose of this study, the methodology developed was applied to the aggregated wind power production series for mainland Portugal during 2009 and 2010 [22] . Wind power generation time series with 1-h sampling period was normalized according to the capacity of wind power installed, at the end of each month.
Synoptic data information was obtained from an NWP in real-time mode operation. The NWP model MM5 [23] was used to provide 6-h time-horizon deterministic forecasts during 2009 and 2010. The MM5 forecasts were executed four times a day using the initial and the boundary conditions at 00 UTC, 06 UTC, 12 UTC, and 18 UTC from the National Centers for Environmental Prediction operational Global Forecast System model output [24] with a horizontal grid spacing of 1
• × 1 • . The numeric simulation setup was configured for recording data every hour in three domains using a two-way nesting technique with spatial resolutions of 81, 27, and 9 km (Fig. 1) using the most adequate physical parameterizations for the region under study. For all domains, a vertical grid with 26 irregular sigma layers was considered.
In order to evaluate the diagnostic tool proposed in this work, the values of the 6 h ahead wind power forecast for three different periods were provided by the Portuguese TSO, Redes Energéticas Nacionais (REN), S.A. [22] .
B. Methodology
The weather circulation classification is normally used in meteorology when synoptic variability has major influence [25] on the phenomena under study. For example, from geostrophic approximation, it is recognized that the pressure gradient is the driving force on wind speed for the low levels of atmosphere. Since atmospheric circulation is a continuous system, any weather classification must be regarded as a process for searching the most representative weather circulation regimes [25] .
The use of the circulation-to-environment classification approach [25] is usually performed in two steps: 1) the weather regimes (WRs) are identified from an unsupervised classification based on the selected synoptic meteorological variables (circulation variable) and 2) the association of the selected circulation variable with the hourly wind power generation (environment variable). This approach enables a generalized classification, especially when the environment variable can be associated to more than one synoptic structure [26] . The automated classification system proposed was based on the combination of a PCA with the K-means clustering algorithm.
1) Principal Component Analysis:
The PCA enables to identify the main dominant spatial-temporal synoptic variability modes. This is done by canceling poorly correlated local effects that exist in the principal components (PCs) that explained a smaller percentage of variance. As a consequence, the PCA enables to reduce the dataset dimension. Mathematically, a meteorological variable with temporal dependence can be decomposed using a linear combination of spatial patterns and time-dependent weights
where Z is the meteorological variable, a ti are the PCs scores, and e i is the eigenvector of the covariance matrix. The equality is usually possible for N equal to the number of spatial points. The first PC explains the maximum possible amount of the variance. After, from the residual variance, the second PC explains the maximum possible variance which is uncorrelated with the firstly identified PC. The same procedure is applied for the remaining PCs.
In the current study, each meteorological variable was written into a matrix, with 19 557 columns containing the different grid points and 17 520 rows corresponding to each forecasted hour. The PCA application to the meteorological variables on a grid field requires a normalization steps
where Z ti is the normalized value, X ti is the original value, x i is the mean for the grid point ith, and s i is the standard deviation for the grid point ith. The covariance matrix is then calculated using the normalized data obtained. Its eigenvectors are computed and sorted based on the descending eigenvalue magnitude. A sensitivity analysis based on the North test criterion [27] was performed for each meteorological variable to determine the number of PCs that should be retained. This significance test allows to determine with a 95% confidence error, if a particular PC is distinct from its nearest neighbor.
If not, it is probable that their particular structures are a linear combination and therefore enable to identify the maximum number of retained PC. This step is performed by calculating the sampling error of each eigenvalue
where λ is the eigenvalue and N * is the number of freedom in the dataset.
2) Clustering Analysis (K-Means):
Based on the identification of PCs previously described, a cluster analysis is then applied to identify and divide the samples according their similarity. The objective is to group synoptic data with similar characteristics in clusters [25] . In this study, the K-means clustering algorithm is used to arrange the data into WR groups. This problem is computationally difficult (NP-hard); however, there are efficient heuristic algorithms that converge quickly to a local optimum. Upon the selection of a K number of clusters, Lloyd's algorithm [28] starts from an initial set K centroids and computes the Euclidean distance of all the observations to each centroid. The data points are assigned to the K clusters by selecting them according with the minimum distance D
where X i is the PC scores, C j is the cluster center of the Kth cluster, and N is the number of observations. The Kth centroid is updated by computing the local mean using only its observations. The algorithm iterates until the inter-cluster sum of squares is minimized. Although the algorithm converges, it is not possible to prove that the solution is the global optimum and thus the final solution depends of the initial centroid values [28] . Despite the common subjectivity on the exact definition of the cluster centers, this methodology enables a consistent classification for most of the data. The number of clusters was predetermined by calculating the first minima of the intra-cluster variance.
In the present work, the methodology was applied to preserve the two most representative clusters (named primary and secondary WR) for each hourly classification to determine a reduced number of clusters with physical meaning. The primary (and secondary) WR are obtained by computing the Euclidean distance of all instances to each cluster centroid and are then allocated according to the minimum distance to the closest (and the second closest) WR, respectively. Fig. 2 depicts the flowchart of the methodology for WR classification during its setup phase and its use as an operational diagnostic tool.
C. Evaluation of Proposed Methodology
A statistical analysis is used to evaluate the performance of the proposed WR classification method. The goal is to assess if the selected meteorological variables together with the NWP configuration allows to discriminate which meteorological conditions are more prone to trigger wind power ramps. The evaluation process is based on the comparison between the WR sequences and the corresponding wind power observations using a dichotomous contingency table (Table I) . Dichotomous approaches are being increasingly adopted in the literature on wind energy forecasting regarding security management [13] , [29] .
The parameters presented in Table I and used in the WR classification are as follows; Hit: ramp event was correctly detected; False Alarm: ramp event was detected but did not occur; Miss: event occurred but was not detected; and Correct Negative: a nonevent was correctly nondetected. Different performance scores can be derived based on these four independent statistics to better evaluate the quality of the proposed methodology. Namely, the probability of detection (POD) (5), the false alarm rate (FAR) (6), Heidke skill score (HSS) (7), and Peirce skill score (PSS) (8) . All scores range between 0 and 1. The perfect classifier would have POD = HSS = PSS = 1 and FAR = 0 [13] , [29] 
V. RESULTS AND DISCUSSION

A. WRs-Preliminary Manual Identification
The first step of the classification of WR associated with wind power ramp events is based on the visual examination of the meteorological weather and surface pressure charts associated with the previously identified ramps to: 1) detect the most common synoptic structures and 2) determine appropriate meteorological variables to characterize and infer possible wind power ramp conditions.
In Portugal during winter, most of the severe power rampup events are linked to the upcoming of low pressure systems and frontal zones from the Atlantic Ocean with the wind flow convergence over Center/North regions of Continental Portugal. Strong ramp-down events are associated with the passage of low pressure centers as they move inland and pass over the areas where wind parks are concentrated, driving the wind speed to close zero near the system center. During summer, power ramps are generally less severe and they are mainly caused by IP thermal low intensification. Fig. 3 shows the correlation map between the wind velocity (data are concatenated in sequences of the 6 h of the synoptic data, from the four daily runs of the MM5 model) with wind power production series, for each hour during 2009 and 2010. From this figure, it is possible to observe high correlations in the Center/North of Portugal showing the dependency of the national wind power production from the meteorological conditions that happen in these regions.
Based on the previous analysis and on results obtained by some authors [4] , [5] , [30] , it may be concluded that 1) seasonality has a great influence on the occurrence and severity of wind power ramps over Portugal, being the most severe during winter; and 2) the synoptic variability of mid-latitude weather circulation systems allied with the condensed siting of the installed wind power capacity over the Center/Northern regions of Portugal, may explain the slightly larger wind power fluctuations for countries such as Portugal and for some areas of U.S., in contrast to those experienced in Nordic countries [6] .
B. WRs-Automated Classification
Based on the manual identification and sensitivity tests, the meteorological variables used as predictors to identify the WR are 1) wind velocity extracted for the sigma level 0.991, at approximately 70 m a.g.l.; 2) atmospheric instabilitydetermined by the vertical gradient of equivalent potential temperature θ e between two sigma levels (0.973 and 0.991) (9); and 3) the pressure gradient-calculated from the mean sea level pressure (MSLP) field using a first-order centered finite difference (10) ∂θ
Another sensitivity test was performed taking into account the horizontal grid dimension and the geographical domain from the three nested domains. The results show that the 27-km domain allows covering the most relevant synoptic centers [13] while preventing NWP error amplification, a common consequence on the use of higher resolution grids in forecasting [31] . This result could allow in the future to design a fast-responsive ramp forecast tool (with a running time lower than 10 minutes to run the MM5 model on a computational Intel Xeon E52680 equipped with 128 processors and 320 GB RAM) by reducing the computational effort through the use of low-resolution geographical models. Prior to clustering, the original variable space was compressed using PCA. The North criterion was performed independently on three different variable subsets: the wind velocity, where four PCs were retained; and on the pressure gradient and the atmospheric instability variables, where three PCs were retained. The application of the clustering algorithm enabled the identification of six different clusters that represent typical WR over Continental Portugal. The results depicted in Fig. 5 suggest a link between wind power production and the different weather synoptic conditions. The WR 1 and 6 are linked with lower wind production levels while WR 5 is associated with higher production levels. The remaining WR show a significant dispersion on the wind power production, WR 2 and 4 centered on lower production levels and WR 3 associated with mid-power production levels.
According to the information from Table II , the WR3 behavior is justified by its seasonal influence, i.e., it is affected by moderate pressure gradients in the summer and in winter it is governed by strong gradients due to low pressure systems near Iberian Peninsula. The outliers observed can be partly explained by situations of transition between two WRs.
To evaluate the hourly classification the primary (and secondary) WR associated with each identified ramp event were manually analyzed to determine which WR, or sequence of WRs, triggered those events. The sequences of WRs commonly identified with ramp events were 1) severe ramp-up are associated with the following WR sequence 2(3)-3(5)-5(3); 2) severe ramp-down are associated with 5(3)-3(2)-2(3); and 3) for ramp-up until 50% of wind power capacity the sequence is typically 1(2)-2(3)-3(2). Fig. 6(a) and (b) shows the WRs sequences previously presented and associated to severe power ramps. Others sequences of WR could be identified and associated with specific characteristic of the wind power generation. For example, 1(6)-6(1)-2(6) is typically associated with weak fluctuations in the wind power production [ Fig. 6(c) ]. Fig. 6 also highlights with green circles the periods when the methodology proposed can be used as complementary tool for the TSO. During these periods large deviations between the observed and forecasted wind power production were experienced; however and according the WR sequences detected in the diagnostic tool wind power ramp events were observed. Therefore, this figure strengths the potential of the methodology proposed to be used as an added diagnostic tool for the TSO in situations of severe wind power ramps.
2) Average Wind Power Production Variability: Understanding when a ramp-up or ramp-down event is expected to happen due to synoptic variability has the potential to significantly increase the security of the operation of power systems, especially those with high shares of wind generation, as occurs in Portugal. Moreover, and in conjunction with dynamic allocation of reserves [32] , it may be used to reduce the overall cost of operation of power systems. The joint analysis of the previous results and the variability of wind power for a 6-h time horizon allow estimating the average wind power variations to support the TSO in the power system management to ensure the a stable operation of the power system. Fig. 7 shows the variability within each WR. The most severe ramp-up events are characterized by average changes greater than 40% of total wind power production and are originated (and may be detected) in transitions from: WR6 to WR5; WR1 to WR5; and WR4 to WR5, with a time shift of 3 h.
Significant ramp-down events were identified after 2 h of transitions from WR5 to WR1 and the most severe fluctuations are notorious from WR 5 to WR 2, with a time shift of 6 h. Fig. 7 also shows the transition between WR in average presents higher changes in wind power production than situations where the WR tends to persist.
3) Evaluation of Proposed Methodology: To assess the performance of the diagnostic tool, it was necessary to specify a criterion for wind power ramp detection. A given ramp is detected (Hit), if and only if, it could be observed the specific successions of the WR previously identified in Section V-B1 associated to severe ramps within 6-h time horizon.
The analysis of the contingency table (Table III) 
VI. CONCLUSION
In this paper, a methodology to develop a diagnostic tool enabling to detect wind power ramps in Portugal was presented. The diagnostic tool was constructed by identifying and classifying WRs sequences strongly related with the occurrence of severe wind power ramps. The methodology was later applied to the hourly synoptic data for 2009 and 2010. Based on a contingency table, the methodology shows a 90% probability of severe ramp detection with 40% probability of false alarms and a very low rate (0.8%) of false ramps detected.
The comparison of the diagnostic tool results with the TSO wind power forecasted data for selected periods, indicated that the methodology had the capacity to trigger the occurrence of severe ramps not detected by the operational forecasting system. 
